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under the median loss in effectiveness would rise to $49.93, a 31% increase. Further, we find ads 
targeted using offsite data generate more long-term customers per dollar than those without, and 
losing offsite data disproportionately hurts small scale advertisers. Taken together, our results 
suggest that offsite data bring large benefits to a wide range of advertisers.
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1 Introduction

Digital advertising now constitutes a majority of total advertising spending (Cramer-
Flood 2021). From an advertiser’s perspective, one of the primary benefits of digital over
other channels is the ability to use detailed user data to match ads to consumers.

A challenge in using such data for advertising is that often the data are generated on a
different website or mobile application from where the ad delivery will occur. For example,
an advertiser may want to place an ad in the Facebook app based on a user’s actions in
Safari. Nearly every major advertising platform today offers a way for such ‘offsite’ data to
be tracked with third-party cookies and sent back to the platform to be used in ad delivery in
real time. Uptake of these tools has been high: in a 2021 survey of marketing professionals
in the US, 83% reported using third-party cookies and 51% said such cookies are ‘very
important’ for their current marketing strategy (Innovid 2021).

At the same time, the use of such offsite tracking data faces increasing headwinds from
a combination of product and regulatory changes. Apple’s roll out of their “Ask App Not
to Track” feature in iOS 14.5 made it easier for users to opt out of being tracked by such
methods, and similar changes are on the horizon for Android users. Further, policies similar
to the General Data Protection Regulation (GDPR) that are being considered in India,
Brazil, and other countries may also restrict advertisers’ abilities to use offsite data. Such
changes can have an enormous impact on the advertising industry: analysts estimate that
major advertising platforms lost more than $140 billion in collective valuation after the
roll-out of iOS 14.5 (Hackett and Harty 2021).

These changes to the data sharing ecosystem are often motivated by an appeal to con-
sumer privacy. However, there is relatively little evidence on how such changes may affect
other important stakeholders. For example, users may value their privacy, but protecting
it in this manner may come at a cost to advertisers in the form of reduced advertising
effectiveness and to users in the form of seeing less relevant or potentially more ads.

In this paper, we focus on understanding one piece of this puzzle – quantifying the
value of offsite data to advertisers. In particular, we estimate how advertising effectiveness
would change under a loss of offsite data. To do this, we conduct a large-scale, randomized
experiment with more than 70,000 advertisers on Facebook and Instagram. Offsite data can
be used by ad platforms in a variety of different ways; we focus on quantifying the value
of one primary use case that is offered at Meta and nearly every other major ad platform
today. At Meta, our use case is referred to as ‘offsite conversion optimization.’1 Under offsite

1Offsite conversion optimization can refer to different types of ‘conversion’ events that happen offsite to Meta
(e.g., website views, email sign ups, donations, etc.). We focus on purchase events in our paper.
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conversion optimization, the platform collects offsite data on purchases of the focal product
in real time and uses that as training data to predict which users are likely to convert. Meta
then dynamically adjusts the target audience, aiming to spend the advertiser’s budget on
impressions with a high predicted probability of conversion. Advertisers on Meta are required
to specify an optimization goal for every campaign they run. Given the vast majority of sales
happen offsite from Meta (e.g., on the advertiser’s website), offsite conversion optimization
is a very popular and logical choice for advertisers interested in driving sales. We discuss
this use case in greater detail in the next section.

We design an experiment to estimate two main quantities of interest. First, we esti-
mate the baseline effectiveness of advertising campaigns that use Meta’s offsite conversion
optimization. To do this, we employ a novel experimentation infrastructure that generates
advertising experiments on top of live campaigns. For each campaign in our sample, we
randomly hold some users out from seeing its ads. Comparing purchase outcomes across
users who were sent versus withheld from seeing the focal ads, we can estimate the cost per
incremental customer for each campaign.

Second, we estimate how the effectiveness of each campaign would change if ad delivery
could only be optimized for an outcome that Meta observes on its own platform – ad clicks.
To estimate this quantity, we take a small fraction of traffic from the same campaigns and
optimize its delivery for clicks instead of purchases. We also hold some users out from
seeing ads from these modified campaigns, allowing us to estimate how much less effective
the same campaigns would be were the advertiser to stop optimizing delivery for purchase
outcomes. In short, for each campaign in our sample, we generate two experiments that
estimate cost per incremental customer if the campaign were optimized for purchases and if
it were optimized for clicks. We repeat this process across all of the 70,000+ campaigns in
our sample.

To obtain our main results, we conduct meta-analyses of our experiments. In our data the
empirical distribution of treatment effects across experiments is highly skewed, motivating an
interest in not only average effects but quantiles as well. Further, given that we experiment
on a fraction of traffic from live campaigns, most of our experiments are relatively small and
individually under-powered to draw conclusions in isolation. To accommodate these aspects
of our data and flexibly estimate the latent distribution of effects, we use the empirical Bayes
deconvolution method from Efron (2016). More standard meta-analytic approaches – such
as fixed effects or normally distributed random effects – do not fit the data as well.

Overview of Results. Our analysis yields several key results. First, looking at baseline
advertising effectiveness, we estimate a median cost per incremental customer of $38.16, with
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10th and 90th percentiles of $5.86 and $241.95, respectively.2 These estimates are ballpark
consistent with many customer acquisition cost (CAC) benchmarks, though – reflecting our
minimally selected sample and focus on incremental effects – ours tend to be on the higher
side.3

Second, we re-estimate our main specification on the within-campaign difference in ad
effectiveness when the campaign is optimized for clicks instead of purchases. We estimate
that under click optimization, the median advertiser earns 6.2 fewer incremental customers
per $1,000 of ad spend. This implies that, at the median, optimizing for clicks increases the
cost per incremental customer to $49.93 from a median cost of $38.16 when optimizing for
purchases. This represents a 31% increase in the cost of acquiring incremental customers.
Further, about 90% of the estimated within-campaign differences lie below zero, suggesting
that the vast majority of the advertisers in our sample would see a decrease in ad effectiveness
if they were unable to run purchase-optimized campaigns.

Last, we conduct two additional analyses: we document heterogeneity in the effects on
small versus large scale advertisers and we analyze effects on users’ long term purchasing
behavior. For the former, we compare results across advertisers who are above versus below
median in past ad spend on Meta. Though advertisers with small levels of spend are of
interest in their own right, past surveys show that marketing budgets tend to be correlated
with measures of firm size (e.g., Moorman (2023)). Further, small businesses are especially
policy relevant since they rely more heavily on digital advertising than large businesses
do, and thus may be more exposed to any shocks in advertising effectiveness (Kerrigan and
Keating 2019, Herhold 2019). In our experiment, we find evidence that small scale advertisers
are hurt much more by a loss of offsite data than are large scale advertisers: the level change
in ad effectiveness is much greater for the former than it is for the latter. While our data
do not allow us to unpack the mechanisms behind this difference, we discuss this descriptive
finding in more depth in Section 5.2.3.

In a final analysis, we look at the purchasing behavior of users during a window six
months after our experiment ran. We find evidence that purchase-optimized ads generate
substantially more long term customers per dollar than click-optimized ads do. We discuss
the different potential sources of this result and interpretations of what it means in terms of
consumer welfare. On one hand, this evidence is consistent with a state of the world where
using offsite data improves the match quality between products and consumers – showing
consumers ads for products that are a better fit increases the number of consumers who

2Since our estimation procedure allows us to recover the entire latent distribution of effects, these percentiles
refer to points across that distribution. They do not constitute a confidence interval.

3Cost per incremental customer is similar to CAC but distinct, as cost per incremental customer does not take
into account whether the customers are new.
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choose to purchase long term and, as a result, finds more valuable customers for advertisers
as well. On the other hand, it is possible that these long-term effects are the result of
subsequent ad re-targeting or state-dependent demand. Thus, we view these findings as
suggestive but non-dispositive evidence around the consumer welfare implications of offsite
data.

Our results come with caveats. First, our experiment is intentionally designed to be par-
tial equilibrium. The counterfactual we consider is: if an advertiser who uses purchase data
to optimize delivery of their Meta ads unilaterally switches to optimizing for clicks instead,
how much less effective will their ads be? This is not the counterfactual of how the world
would look if all advertisers simultaneously stopped optimizing campaigns for purchases. In
particular, our counterfactual does not capture general equilibrium effects that might come
from broader changes, such as R&D into new targeting procedures, ad price changes, or
endogenous entry/exit of advertisers, platforms, or users. While these equilibrium outcomes
are of high interest, it is challenging to design an experiment that would capture such ef-
fects. Instead, we provide clean, experimental identification of partial equilibrium results
on the first-order valuations of offsite data to advertisers. Further, our results do not indi-
cate whether optimizing ad delivery for purchases increases social welfare because we do not
measure outcomes such as profits to the platform and advertisers, valuations of privacy to
consumers, or the welfare benefits to consumers of more relevant ads. Given the scope of
the paper, we leave the other pieces of the social welfare question to future research.

Contribution to the Literature. This paper adds to the literature in two main ways.
First, to our knowledge, we provide the largest and most generalizable study of the effects

of targeted advertising to date. Our recruited sample contains more than 70,000 advertisers
from around the world, more than any other study we are aware of. Further, our sample is
minimally selected: historically, only a small fraction of advertisers have run incrementality
experiments on the platform using Meta’s advertiser-facing experimentation offering. By
contrast, our experimental design allows us to experiment across existing live campaigns,
generating minimal selection in our sample. Finally, past advertising studies have often not
been able to discern whether advertisers in their samples were engaging in direct response or
brand advertising, complicating the interpretation of results. We know that the advertisers
in our sample all chose to run direct response campaigns, meaning our estimated outcome
is thus a relevant metric. Our paper is the first to use this experimentation infrastructure
at Meta at this scale, and to our knowledge no other comparable experimentation platform
has been used in the advertising literature.

In this light, we build on the marketing literature on measuring advertising effectiveness.
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While the existing literature spans decades, it has often by necessity been constrained by
issues related to the endogeneity of ad exposure, insufficient statistical power, data qual-
ity, and external validity. For example, Gordon et al. (2019) report how non-experimental
approaches to measuring ad effectiveness may generate substantial biases, Lewis and Rao
(2015) demonstrate how severe power problems can be in this setting, and Kalwani and Silk
(1982) highlight subtleties that can arise when using intent to purchase as a proxy for actual
purchases. Our paper is able to overcome these challenges with our randomized experimental
design, large sample size, and by measuring actual purchasing behavior.4

Meta-analyses can overcome some of these issues, for example by pooling information
across studies to increase power or obtaining a more representative sample for external
validity. Along those lines, three closely related papers are Gordon et al. (2022), Johnson
et al. (2017a), and Athey et al. (2023), each of which analyzes hundreds of online advertising
experiments (by advertisers who self select into experimentation) to compare measurement
from experimental versus non-experimental methods, carryover, and other effects of online
display ads, respectively. In contrast, our experiment contains the near universe of advertisers
in the target population and not just those that self-select into using measurement tools. As
a result, our findings are quite generalizable. Two other large scale, across advertiser studies
similar in spirit to ours are Lodish et al. (1995) and Shapiro et al. (2021). However, these
studies focus on television advertising and the samples cover hundreds of consumer packaged
goods (CPG) advertisers, compared to the tens of thousands of digital advertisers we have
in our experiment. Building on this prior work, we view our baseline estimates as making an
important contribution to the literature, as they help researchers and advertisers generate
an unbiased prior distribution of digital advertising effectiveness.

The second main contribution of this paper is to provide the most comprehensive and
generalizable evidence to date on the value of offsite tracking data for ad effectiveness. As
mentioned previously, a large share of online advertisers use these data today, but product
and regulatory changes may restrict advertisers’ ability to do so going forward. At the same
time, there is scant large-scale evidence on how advertising effectiveness changes with versus
without these data. In designing optimal policy in this space, decision-makers may wish to
weigh the effects on users, platforms, and advertisers. We articulate how our findings could
help inform policy making in the Discussion section.

This contribution builds on two separate literatures. The first examines the value of
4A caveat to our analysis is we are only able to observe purchases that are recorded in Meta’s offsite tracking

data. Thus, to the extent that online ad exposures drive offline sales or users have opted out of tracking (e.g., after
Apple’s iOS 14.5 update), our data would lead us to underestimate the effectiveness of the campaigns in our sample.
This limitation is not unique to our experiment, and is shared with much of the literature (e.g., Gordon et al. (2019),
Tadelis et al. (2023)).
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data to different companies. For example, Rossi et al. (1996) find a high value of purchase
data for advertisers in the context of a targeted couponing problem, and Dubé and Misra
(2023) quantify how much profits increase in their setting when firms can third-degree price
discriminate using more user-level covariates.5 Three other recent online studies run field
experiments to analyze the effects of restricting data on firm performance (Sun et al. 2023,
Korganbekova and Zuber 2023, Lei et al. 2023). All three find economically meaningful
effects in their respective settings, though the data and contexts they focus on (e-commerce
product recommendations and clicks on search engine suggestions) are distinct from what
we consider.

The second literature is that which examines the impact of privacy regulation on firm-
related outcomes. Early work includes Goldfarb and Tucker (2011) who analyze the effects
of EU privacy regulation on ad effectiveness and Johnson (2013) who estimates the effects of
different privacy policies on advertising prices on an ad exchange. More recently, Alcoben-
das et al. (2021) analyze the effects of losing third-party cookies on advertiser surplus using
non-experimental data and a structural model. There is also a growing literature on the
effects of the GDPR, including on investment in technology firms (Jia et al. 2018), firm web
traffic and revenue (Goldberg et al. 2021), and mobile app entry and exit (Janssen et al.
2022). An upside of several of these papers compared to ours is that they analyze actual
policy interventions. We see our ex-ante analysis of the value of policy-relevant data as
complementary to these ex-post evaluations.

Paper Outline. The organization of this paper is as follows: Section 2 describes more
background on digital advertising and the relevant context of our paper; Section 3 walks
through the experimental design; Section 4 describes our sample; Section 5 presents the
main results; Section 6 discusses some broader implications of our findings; and Section 7
concludes.

2 Background

We start by providing some context on digital advertising, including how advertisers
deliver ads and measure outcomes. To deliver ads, digital advertising relies on a large set of
signals and data, as well as complex modeling processes.

One way to categorize many of the signals and data used in online ad delivery is to bucket
5Dubé and Misra (2023) also find that a majority of consumers benefit from more personalized pricing in their

study. This finding is similar in spirit to the interpretation of our long term results as reflecting a consumer side
benefit to ads delivered with offsite data, though we acknowledge that other interpretations are possible and we
cannot draw definitive conclusions regarding consumer welfare from our experiment.
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them into first-party or third-party data. The specific data that falls into each category will
vary across companies in the ads ecosystem. For example, at Meta, data collected on the
platform such as a user’s time spent on Instagram and the number of comments they write
on Facebook are considered first-party data for Meta. These data are generated on the
platform and thus Meta has direct access to the information.

On the other hand, data such as websites visited in Safari or purchases made in a re-
tailer’s mobile application are all generated outside of Meta’s own applications and would be
considered third-party data for Meta. Meta primarily obtains this data to inform ad delivery
via tools such as the ‘Meta pixel’ and ‘Meta app software development kit’ (SDK).6

Pixels are a few lines of JavaScript code or actual 1-by-1 pixel images that can be placed
on websites and programmed to ‘fire’ when individuals take certain actions (e.g., purchase a
product or view a page). App SDKs are programming libraries that provide similar function-
ality in mobile applications. Consider the case of a user who visits a shoe retailer’s website:
if the retailer has installed a Meta pixel on their website and the user buys a product, the
pixel will fire and tell Meta about the purchase event. Similarly, if the user had instead used
the retailer’s mobile application to complete their purchase, Meta could log this sale if the
retailer had implemented the Meta app SDK in their app. Under the hood, pixels and SDKs
work in conjunction with third-party cookies and related technologies to transmit data back
to the platform. Hence, without functionality like that provided by third-party cookies, the
data sharing as described above breaks down.

Pixels and the app SDK are the main source of offsite data advertisers use to optimize
the delivery of their ads on the Meta platform. We include data from both sources in our
analysis, though for the remainder of this paper we abuse terminology slightly and use ‘pixel
data’ as a shorthand way of collectively referencing offsite data from both. Finally, we note
that advertisers must install these tools themselves, so the collection of offsite data that Meta
acquires from pixels and SDKs is dependent on advertisers. Advertisers do face an incentive
to utilize these techniques, as they can aid in both the optimization and measurement of
advertising campaigns as we will discuss next.

Our focus in this paper is on understanding how valuable offsite data are for advertisers
on Meta. There are many ways advertisers can use pixel data in their advertising. We
do not aim to articulate every use case and measure the corresponding effects; rather, we
focus on arguably the main way advertisers use such data today and estimate what would
happen if they were forced to abandon that practice. We study the use of pixel data to

6Pixels and app SDKs were created by advertising platforms to improve advertising on those platforms. Meta,
Snap, TikTok, and other large advertising platforms all have their own pixels and SDKs. The Meta tools only send
data to Meta and not to other companies.
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perform ‘offsite conversion optimization,’ and we compare this practice to a counterfactual
in which advertisers must instead perform ‘onsite click optimization.’ We describe each of
these practices in more detail next.

2.1 Offsite Conversion Optimization

Advertisers have to specify an objective when they set up ad campaigns on Meta. Why
does Meta require this for all campaigns? Consider the following example. Suppose an
advertiser wants to generate more likes on their Facebook Page. Given a target audience,
creatives, and a budget, Meta could distribute the ads uniformly across users in the target
audience until the budget runs out.

However, note that over the course of the campaign, Meta will observe which users
actually like the Page. Suppose that in a given target audience, only women like the Page.
After observing this, it would likely be inefficient for Meta to keep distributing the ads
uniformly amongst the target population because part of the advertiser’s budget would
be spent on impressions to men, who are unlikely to take the desired action. Further,
such ad delivery would presumably not be best for users, since men would be exposed to
ads with which they are not interested in engaging. Instead, Meta could improve upon
uniform delivery by training a model that predicts the probability a user would like the Page
in question and using that model to dynamically inform which users should see the ads.
In this case, such a model would lean towards delivering ads to women, thereby reducing
inefficiencies for both the advertiser and users. This process of refining ad delivery within the
campaign’s target audience according to the advertiser’s stated objective is called delivery
‘optimization’ at Meta.7

In the above example, Page likes are a first-party outcome for Meta: this behavior occurs
within the platform. For many advertisers, however, the actions they care about happen
offsite from Meta. For example, purchases rarely occur on Meta’s platform – they are usually
made in web browsers or other mobile applications. This is where pixels play an important
role. If an advertiser installs a pixel, it can transmit data to Meta on offsite behavior. Meta
can then use that data as the left-hand side variable in the prediction problem, dynamically
finding users to show the ads to who are likely to take the offsite action the advertiser cares
about. This process is called ‘offsite conversion optimization’ and measurement of these
offsite outcomes plays a central role in ad delivery.

In this paper, we focus on campaigns that are optimized to drive purchases, which is the
7The actual training and deployment of these delivery models is more complex than what is described here

due to the engineering scale and speed at which digital ad auctions occur, though the intuition is the same. See
https://www.facebook.com/business/help/1000688343301256 for a high level overview.
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most common offsite objective that advertisers use. Intuitively, one can understand why this
approach is attractive for direct response advertisers. They may not know who their target
audience is or have the right features to target them on, but Meta can use a data driven
approach to help optimize the matching problem. Indeed, if an advertiser wants to maximize
sales, offsite conversion optimization for purchases is the logical choice. However, there is
no guarantee that this method maximizes incremental purchases. Meta could just show the
ad to people who were already going to purchase the product, so in isolation, it is unclear
how many of the ad impressions generate incremental sales. We structure our experiment to
address this concern and identify the incremental effects of interest.

Finally, we emphasize that almost every major online ad platform offers a similar way to
optimize ads for offsite outcomes. For example, TikTok, Snapchat, Pinterest, Twitter, and
others all have variants of pixels that their advertisers can install, and all offer ad delivery
optimization for offsite events. As a result, a large share of digital advertising today relies on
pixels, and while our experiment is conducted on Meta, we believe our results are informative
for the broader industry.

2.2 Click Optimization

If an advertiser with a pixel installed lost the ability to optimize delivery for offsite
outcomes, what would they substitute to? We assume they would instead optimize for click-
through rate. In particular, “clicking on the ad” would replace “making a purchase” as the
objective to optimize when allocating ads.8

There are three main reasons why we focus on this counterfactual. First, the lowest
outcome in the conversion funnel that Meta observes onsite is the user clicking the ad to
be taken offsite. Hence, clicking is as ‘close’ to purchase as one can get in the funnel when
relying on Meta first-party data alone. Second, the two main optimization types used by
direct response advertisers on Meta are offsite conversion optimization and click optimization,
and one of the most common questions advertisers ask Meta’s salespeople is which one of
these two to use, further suggesting this is the relevant choice set. Finally, other advertising
platforms also offer click-based delivery optimization, so the counterfactual we consider is
also relevant outside of Meta.

8This is also known as ‘link click optimization’ at Meta, referring to optimizing for users who click the link on
the ad to leave Meta.
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3 Experimental Design

Context. Our objective is to estimate (i) the effectiveness of offsite purchase-optimized ads
and (ii) how that effectiveness would change if ad delivery were optimized for onsite clicks
instead. Each of these outcomes is hard to estimate with observational data. We highlight
two main reasons why below.

First, when estimating online advertising effectiveness, past work has shown that non-
experimental techniques can lead to substantial bias(Gordon et al. 2022). The delivery
optimization procedure dynamically and non-randomly shows ads to individuals who are
likely to take an advertiser-specified action, and this process induces selection in advertising
exposure that is empirically hard to correct for ex post. Hence, we leverage experimental
variation to isolate the causal advertising effects of interest.

Second, even if we cleanly estimated ad effectiveness for existing purchase-optimized and
click-optimized campaigns, we could not simply compare the two to estimate the change
in effectiveness attributable to offsite data. This is because the advertisers, creatives, and
target audiences differ across campaigns that use the two optimization procedures. For ex-
ample, advertisers who optimize delivery for purchases may use more compelling creatives
or operate in different product categories than advertisers who choose to optimize for clicks,
meaning we could not disentangle whether any difference in ad performance were due to
offsite data or heterogeneity on other dimensions. We address these challenges by designing
and implementing a study that generates experimental estimates of advertising effectiveness
under both purchase and click optimization for each campaign in our sample.

Implementation. Figure 1 outlines our experimental design for a single campaign. To
generate our final sample, we repeat this procedure for more than 70,000 campaigns in
parallel.9 We describe each step of the experiment below.

Consider an ad campaign whose objective is to drive sales as logged by the advertiser’s
pixel. First, we create experimental variation to estimate the effectiveness of this purchase-
optimized campaign. We randomly take 5% of the campaign’s target audience and allocate
5% of the overall ad budget to be spent on those users. We refer to this 5% sample as the
Purchase Optimized group. We randomly assign 10% of the users in the Purchase Optimized
group to a ‘holdout’ group that is ineligible to see the focal ads, and the other 90% of
users form the ‘exposed’ group.10 Within the Purchase Optimized group, Meta dynamically

9In Web Appendix A we describe how we define a campaign, and in Web Appendix E we walk through the
experiment for three example campaigns from our sample.

10We create the holdout and exposed groups by leveraging the same infrastructure used in Meta’s advertiser-facing
‘lift’ tool (Gordon et al. 2019).
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Figure 1: Overview of the core experimental design.

determines which users to show the ads to leveraging the users’ predicted probability of
purchasing the focal product. Ad impressions on Meta are allocated using an auction, so
the advertiser must bid on impressions for these targeted users. If an ad from the focal
campaign wins the auction for a user in the exposed group, Meta sends the ad to the user.
If, on the other hand, the user is in the holdout group, Meta withholds the ad and instead
sends the ad this user would have received had the focal campaign not existed. We compare
outcomes for users who were sent the ad versus those for whom the ad was withheld and
the second place ad was sent instead, similar to the approach described in Johnson et al.
(2017b).11 This procedure generates a baseline estimate of ad effectiveness under purchase
optimization, where our main outcome of interest is cost per incremental customer.12

We also estimate how effective the same ads would be at generating incremental customers
under click optimization. To do this, we take another 5% of the target audience and budget
and allocate them to a Click Optimized group. For this segment of users and budget, we
deliver the ads in a way that approximates click optimization — the ads are delivered to
people who are predicted to be likely to click on the ads. We include an analogous 10%
holdout group within the Click Optimized segment of users, allowing us to estimate the
incremental effect of the click optimized version of the ads.13

11The analysis is technically intent-to-treat because even though an ad won the auction, a user may not actually see
it for a variety of reasons (e.g., scrolling too fast by it, not scrolling far enough down, or loss of network connection).
Hence, we are comparing users who were assigned to treatment and control. We note that the standard output
advertisers get from Meta’s measurement tools are also intent-to-treat estimates for the same reason.

12See Web Appendix C for a derivation of the experiment-level treatment effects and standard errors of cost per
incremental customer from the individual-level data.

13We need a separate holdout group for each of the purchase and click optimized arms because the optimization
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A critical feature of our experiment is that we observe offsite purchase data for all users,
including those randomly assigned to the click-optimized exposed arm and the holdout
groups. This allows us to conduct a comparison of the same outcome (cost per incremental
customer) across arms. One important caveat is that we do not observe purchases made at
brick and mortar stores or purchase data for users who had opted out of tracking (e.g., from
Apple’s ATT prompt).14,15

Additional points. We close out this section with a discussion of two additional imple-
mentation details.

First, for engineering reasons, it was infeasible to implement Meta’s production version of
click optimization; we thus relied on a model that uses simpler inputs to predict the relevant
click outcomes. To the extent that this model does not perform as well as the production
model, our click optimization counterfactual estimate would be biased downward. To in-
vestigate this, we ran a separate experiment where we took campaigns that were delivered
according to the production click optimization model and switched a fraction of their traffic
to be delivered according to the model in our experiment. In practice, the difference in model
performance was small: the cost per purchase under the experiment’s simpler arm was 10%
higher, or about 0.04 standard deviations of our estimated distribution.16 Hence, we believe
the size of any model-induced error is likely small.

Second, we emphasize that the counterfactual we analyze is: if an advertiser who is
using offsite conversion optimization switches to click optimization, how much less effective
will their ads be? This is distinct from the counterfactual where all pixel data is removed
from their ad delivery. The right hand side of the prediction problem has a vast number of
inputs, some of which are functions of pixel data, and removing all traces of pixel data from
the right-hand side was infeasible from a practical perspective.17 However, including pixel
data and its derivatives as features on the right-hand side should if anything only improve

algorithms endogenously select different target populations.
14This limitation is not unique to our experiment, and is shared with much of the literature (e.g., Gordon et al.

(2019), Tadelis et al. (2023)). In our results, if we assume this missing data problem affects purchase- and click-
optimized campaigns in the same way, our primary statistic of the median effectiveness evaluated at the median loss
remains unchanged. To the extent that it may differentially affect click or purchase optimized ads, our estimates
would rescale accordingly.

15An additional caveat is that while advertisers have stated an objective of sales for all the campaigns in our
sample, they may vary in other, unobserved dimensions. For example, some may also care about brand awareness,
even if they did not explicitly tell Meta.

16To assess the sensitivity of our results to this difference, we re-ran our estimation procedure with the costs in
the click arm scaled up by 10%, and found that our main statistic of interest was similar.

17For example, models that predict user characteristics could have been calibrated with pixel data, or on-platform
activity that feeds into the algorithm could have been influenced by pixel data (e.g., a user sees another ad targeted
with pixel data and then behaves differently on platform).
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the performance of the click optimization algorithm. Thus, if one were interested in the
counterfactual of removing all pixel data from the ad delivery process, our estimate can
arguably be thought of as a lower bound.

4 Sample

4.1 Recruitment and Selection

Our study ran for one week in the Fall of 2021 with an aim of recruiting as large and
representative a sample as possible. To that end, Meta sent advertisers a recruitment notice
that described the experiment and provided them the opportunity to opt out. The notice
appeared as a banner in the main surfaces through which advertisers purchase ads on Meta
and was translated into the 31 languages most frequently used by the company’s advertisers.
Figure 2 shows an example of the notice. The notice would appear each time an advertiser
logged in (up to three times) and would then disappear.

Figure 2: Example of the recruitment notice sent to advertisers.

All accounts that ran an offsite conversion optimized campaign on Facebook or Insta-
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gram during the preceding three months were eligible to receive the notice. This amounted
to around four million advertiser accounts. In addition, an account was eligible for our
experiment only if they logged in, were exposed to the notice, and chose to not opt out.18

Among the accounts that were eligible to see the notice, only a subset visited the recruitment
interfaces while it was live. Conditional on seeing the notice, 94% of accounts did not opt
out. These advertiser accounts ran 187,922 purchase-optimized campaigns during the week
of our experiment.

Within that sample, we focus on a subset of the campaigns for our main analysis. Meta
recommends that advertisers should not use offsite conversion optimization if their campaign
is expected to achieve less than fifty conversions per week. Meta makes this recommendation
because the optimization model may not perform well if the left hand side variable is very
sparse. A large share of the campaigns in our sample do not hit this minimum, meaning their
ad delivery may not be fully optimized. This generates two research questions of interest:
how effective is offsite conversion optimization for advertisers who use it, and how effective
is it for advertisers who use it as recommended? We focus on the latter question in the main
text because we believe it speaks to the potential upside of offsite data, which we see as more
relevant to the policy debate and advertisers’ marketing decisions. In Web Appendix B, we
re-run our main analysis on the full sample.19

We cannot directly filter to campaigns that hit the minimum because we only observe
conversion events from our experiment, which comprises a fraction of overall campaign traffic.
Instead, we restrict to campaigns that met the threshold in expectation: i.e., campaigns that
recorded more than 50 × 0.05 = 2.5 conversions in the purchase optimized arm, since this
arm comprised 5% of total traffic. Conditioning on this minimum reduces the final sample
to 70,909 experiments.20

18Some interfaces through which advertisers purchase ads are not amenable to notices (e.g., command line APIs).
Since our notice could not be sent to these surfaces, advertisers who only use such interfaces were not included in
our experiment. Only a small fraction of all advertisers use such surfaces, and, as we show, the characteristics of
advertisers in our final sample do match well with the overall population.

19As expected, cost per incremental customer rises, though the core result on the percent reduction in effectiveness
from our counterfactual is of a comparable magnitude.

20Note that 63% of experiments failed to hit the recommended minimum in expectation. There are several possible
explanations for why such a large share do not meet the minimum. For example, advertisers may not know about this
recommended minimum, they may believe even sub-optimal purchase optimization is better than any alternative, or
they may be overconfident in their purchase volume.
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4.2 Characteristics of Advertisers

In this section, we describe the characteristics of the advertiser accounts associated with
the 70,909 experiments in our final sample.

Regions. Our final sample includes advertiser accounts based in more than 160 different
countries (see Figure 3). The US is the most represented country, with around 22% of the
sample, and other major countries include China (7%), Brazil (6%), and India (4%).21

Figure 3: Geographic distribution of advertisers in our sample.

Notes: Grey denotes a country with no advertisers in our sample.

21Country refers to the location of the advertiser. Despite the fact that Facebook and Instagram are banned for
users in China, there are many Chinese-based advertisers who advertise to users in other countries.
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Verticals. Our sample also covers a wide spectrum of industries. The most heavily repre-
sented verticals are E-commerce (44%), Retail (20%), and CPG (12%), with a long tail after
that (see Figure 4). E-commerce is a broad category that largely consists of the sub-verticals
Apparel and Accessories and Durable Household Goods.

Figure 4: Distribution of verticals in the sample.

Notes: Meta uses an internal machine learning model to predict each advertiser account’s vertical. ‘None’ reflects accounts
that could not be classified reliably.
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Small and Large Scale. We later compare results for ‘small’ versus ‘large’ scale advertis-
ers. In practice we implement this by doing a median split on ad spend in the eight weeks
preceding our experiment. To provide a sense of the distribution of previous ad spend in our
sample, we list the corresponding quantiles and the mean in Table 1. Note both how skewed
the distribution is and how many advertisers spend relatively small amounts.

Table 1: Distribution of ad spend for our sample from the previous eight weeks.

10th 25th 50th 75th 90th Mean

Ad spend last $845.15 $3,340.97 $13,510.80 $54,842.42 $195,906.15 $104,615.23
eight weeks

Other Characteristics and Representativeness. We conclude our descriptives by high-
lighting more characteristics of our sample and comparing them to that of the relevant
population.

Table 2 shows that the median advertiser in our sample tends to be fairly engaged with
the platform: they have had their account for more than a year, the vast majority were active
within the week of our data pull, and a relatively large share have their account managed
by Meta (a service provided to sufficiently engaged and high spending advertisers). There is
an upfront cost of installing a pixel and familiarizing oneself with the technology, which we
suspect screens out some of the very new, less engaged accounts.

On the representativeness front, though we tried to minimize it, there was the possibility
for selection bias along the recruitment funnel. For example, one may be concerned that the
advertisers who benefit the most from offsite data would disproportionately choose to opt
out, thereby affecting the representativeness of our results. In Table 2, we show the difference
between the characteristics of our final sample and the characteristics of the population of
Meta advertisers who used offsite conversion optimization for purchases with more than
the minimum number of recommended purchase events during the week of our experiment.
Given the size of the populations, many of the characteristics are significantly different across
the two groups. However, the magnitudes of the differences are small: the average absolute
value of the percentage point difference is 1.5% across all the characteristics in Table 2. This
makes us feel better about the representativeness of our sample.
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Table 2: Sample representativeness.

Experimental Sample Population Difference

Vertical
CPG 0.1196 0.095 −0.0246∗∗∗

(1.2e-03) (0.0017) (0.0021)
Retail 0.1982 0.2059 0.0077∗∗∗

(1.5e-03) (0.0023) (0.0028)
E-commerce 0.4443 0.387 −0.0573∗∗∗

(1.9e-03) (0.0028) (0.0034)

Region
Asia Pacific 0.2977 0.277 −0.0207∗∗∗

(1.7e-03) (0.0026) (0.0031)
Europe, Middle East, Africa 0.3673 0.386 0.0187∗∗∗

(1.8e-03) (0.0028) (0.0033)
Latin America 0.0954 0.0921 -0.0033

(1.1e-03) (0.0017) (0.002)
North America 0.2389 0.2428 0.0039

(1.6e-03) (0.0025) (0.003)

Months since first ad creation
Less than 1 0.0664 0.0834 0.0169∗∗∗

(9e-04) (0.0016) (0.0019)
1-6 months 0.157 0.1578 0.0008

(1.4e-03) (0.0021) (0.0025)
6-12 months 0.1228 0.125 0.0022

(1.2e-03) (0.0019) (0.0023)
Greater than 12 months 0.6377 0.6339 -0.0039

(1.8e-03) (0.0028) (0.0033)

Other
Meta Managed Account 0.3716 0.4037 0.032∗∗∗

(1.8e-03) (0.0028) (0.0034)
Active Last 7 days 0.9787 0.9994 0.0207∗∗∗

(5e-04) (0.0001) (0.0006)

Notes: Population refers to the set of Meta advertisers who used offsite conversion optimization for purchases and
met the minimum number of recommended purchase events during the week of our experiment. The mean difference
corresponds to the population mean minus the mean from our experimental sample. *** denotes p < 0.01 in a two-sided
t-test on the difference. Standard errors in parentheses.
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4.3 Summary Statistics of Experiments

Our final sample includes 70,909 experiments. As mentioned in our Experimental Design
section, we create our experiments by taking a small fraction of traffic from live campaigns.
Given the long tail of small spend by advertisers, this means that we have a large number
of small experiments in terms of both total number of users per condition and the number
of converters. Table 3 and Table 4 report summary statistics on these metrics for our final
sample. These small experiment sizes help motivate our meta-analysis, in which we pool the
individual experiments to better estimate the overall distribution of effects.

Table 3: User count per experiment.

Arm Min 1st 25th 50th 75th 99th Max Mean SD

Purchase-Exposed 10 111 2, 264 6, 911 18, 862 244, 160 9, 295, 122 22, 352 83, 827

Purchase-Holdout 1 12 251 767 2, 095 27, 162 1, 032, 782 2, 483 9, 314

Click-Exposed 9 112 2, 643 8, 384 23, 438 335, 523 9, 374, 392 28, 796 106, 136

Click-Holdout 1 12 293 931 2, 605 37, 336 1, 043, 232 3, 199 11, 794

Notes: “Purchase-Exposed” reports summary statistics and quantiles on the number of users who were randomly assigned to the
exposed condition within the purchase-optimized experimental segment. “Click-Holdout” reports the analogous statistics for users
who were randomly assigned to the holdout group (no exposure to the focal ads) within the click through rate optimized experimental
segment. The remaining groups are defined analogously.

Table 4: Number of converters per experiment.

Arm Min 1st 25th 50th 75th 99th Max Mean SD

Purchase-Exposed 3 3 4 7 16 821 409, 681 76 1, 977

Purchase-Holdout 0 0 0 0 2 84 44, 273 7 211

Click-Exposed 0 0 2 5 14 782 407, 069 72 1, 963

Click-Holdout 0 0 0 0 1 79 44, 214 7 210

Notes: “Purchase-Exposed” reports summary statistics and quantiles on the number of users who were randomly
assigned to the exposed condition within the purchase-optimized experimental segment. “Click-Holdout” reports the
analogous statistics for users who were randomly assigned to the holdout group (no exposure to the focal ads) within
the click through rate optimized experimental segment. The remaining groups are defined analogously.

Randomization Check. Finally, as mentioned previously, we randomly assigned users
to holdout and exposed conditions using the same advertiser-facing lift infrastructure that
several other papers have used and validated (Gordon et al. 2019, 2022, Athey et al. 2023).
In Web Appendix D, we provide a randomization check of user demographics for our own
study and find no evidence of bias.
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5 Main Results

5.1 Empirical Distributions of Treatment Effects

First, to provide a high level overview of our data, we plot the empirical distributions
of treatment effects and provide the associated summary statistics. The key outcomes of
interest are (i) the number of incremental converters per dollar for the baseline, purchase
optimized condition (Figure 5, Table 5) and (ii) the within-campaign change in the number
of incremental converters per dollar when changing from purchase to click optimization
(Figure 6, Table 6). The former refers to optimization with offsite data and the latter refers
to how much less effective the same campaigns would be under a loss of offsite data. The
distributions of (i) and (ii) are the starting points for the two meta-analyses that we describe
later in this section.

We highlight a few key takeaways from these distributions. First, the baseline ad ef-
fectiveness distribution has more mass above zero and the within-campaign change in ad
effectiveness distribution has more mass below zero. This is consistent with both advertising
‘working’ – advertising attracts customers – and the offsite purchase data being valuable –
if advertisers do not target with that data, their ads become less effective.22 At the same
time, there is substantial heterogeneity: across the 70,909 experiments, some campaigns are
estimated to be much more effective than others, and some campaigns are hurt more by the
loss of offsite data.23

Second, these empirical distributions suggest that losing offsite data has a large impact
on ad effectiveness. The median campaign gains an incremental converter for every $23.63
spent; under the median loss this would increase to $36.69, a 55% increase.24

Finally, we note that the empirical distributions are highly skewed. Whereas most meta-
analyses focus on estimating the grand mean across many studies, given the skew in our
sample, we believe estimating quantiles of the underlying distribution helps convey additional
pertinent information. In addition, given the non-standard shapes of these distributions,
we want to rely on minimal parametric assumptions while flexibly estimating the latent

22A negative treatment effect for the estimated number of incremental converters per dollar means that each
dollar spent on advertising loses customers. This may happen if, for example, consumers have a negative experience
with the ad or it leads them to purchase from a competitor, as in Sahni (2016).

23Note the massive difference between the extrema and the 1st and 99th percentiles in the tables. As we describe
in the Implementation section of our Web Appendix, we drop observations outside the 1st and 99th percentiles in
our analyses.

24From the table, $23.63 is 1/0.042328 and $36.69 is 1/(0.042328 - 0.01507). More broadly, we report our results
in terms of cost per incremental converter because that is more in line with industry terms (e.g., cost per action
(CPA)). Further, since many campaigns generated no purchasers, analyzing the data in per converter terms instead
of per dollar ad spent would generate many infinite values which are harder to work with.
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distributions. These facts motivate our methodology, which we describe next.

Figure 5: Histogram of baseline advertising effectiveness (with offsite data).

Notes: Bin width is 0.001. Histogram is trimmed at (-0.2, 0.5) for display purposes.

Table 5: Summary statistics and quantiles of the empirical distribution of baseline ad
effectiveness.

Min 1st 25th 50th 75th 99th Max Mean SD

# Incremental Converters -206.53 -3.51 -0.003 0.042 0.199 5.88 5,044.9 0.290 19.42
per Dollar

Cost per Incremental -$0.005 -$0.285 -$333.3 $23.81 $5.03 $0.17 $0.0002 $3.45 $0.05
Converter
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Figure 6: Histogram of the within-campaign change in advertising effectiveness.

Notes: Difference computed as number of incremental converters per dollar under click optimization minus the same outcome
under purchase optimization. Bin width is 0.001. Histogram is trimmed at (-0.5, 0.5) for display purposes.

Table 6: Summary statistics and quantiles of the empirical distribution of the
within-campaign change in ad effectiveness.

Min 1st 25th 50th 75th 99th Max Mean SD

# Fewer Incremental -1,516 -6.21 -0.133 -0.015 0.039 5.25 13,257 0.066 50.33
Converters per Dollar

Notes: Difference computed as number of incremental converters per dollar under click optimization minus the same outcome
under purchase optimization.

5.2 Meta-Analysis

5.2.1 Estimation Procedure

We estimate the latent distribution of effects using empirical Bayes methods (Efron 2014,
2016). We provide a detailed description of the methodology and implementation details in
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Web Appendix A and focus on the high level intuition below. We discuss the meta-analysis of
baseline ad effectiveness, but the intuition holds equally for the meta-analysis of the change
in effectiveness.

Each experiment in our sample provides a noisy estimate of the true, unobserved treat-
ment effect generated by that specific ad campaign. The campaigns in our sample may also
differ in their true effectiveness, so across all the experiments in our sample, there is a dis-
tribution of these true latent effects. In standard meta-analytic terms, the latter is called
the ‘higher’ level distribution and the former are the ‘lower’ level distributions. Our goal is
to estimate the higher level distribution using the empirical treatment effects and standard
errors as inputs with as few parametric assumptions as possible.

We estimate a flexible functional form for the higher level distribution in a computation-
ally tractable way using empirical Bayes (Efron 2014, 2016). For the lower level distributions,
we make a normality assumption. This is simply an appeal to the Central Limit Theorem –
we impose the assumption that our experiments are sufficiently large that the treatment ef-
fects are normally distributed around the true, unobserved value and our variance estimates
have converged. We assess the robustness of our results to this assumption in Web Appendix
A.

For the higher level distribution, our approach relies on the observation that the exponen-
tial family of probability distributions is both very flexible and amenable to computational
analyses. Further, we can use splines to reduce the estimation procedure from optimizing
over distribution space to optimizing over weights on spline bases. Combining these ideas,
we parameterize the higher level distribution assuming it belongs to this flexible family and
estimate it using maximum likelihood estimation over weights on spline bases.

Summarizing the approach at a broad level, we use meta-analytic techniques to recover
the latent distribution of effects with minimal parametric assumptions while maintaining
computational feasibility.

5.2.2 Overall Results

Baseline Estimates. Our first set of results characterize the estimated distribution of
advertising effectiveness for this large sample of advertisers on Meta. In Figure 7 we plot
the fitted model overlaid on the histogram of treatment effects, and in Table 7 we provide
summary statistics of the fitted distribution.25

25In Web Appendix F, we explore effect heterogeneity across the main verticals in our sample: E-commerce,
Consumer Packaged Goods, and Retail.
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Figure 7: Estimated distribution of the number of incremental converters per dollar.

Notes: The blue line represents the estimated distribution of the number of incremental converters per dollar across our sample.
The dashed red lines show the 95% confidence intervals calculated from Efron (2016). The empirical histogram of treatment
effects is shown in green as a rescaled density with a binwidth of 0.001.

Table 7: Quantiles and mean for the estimated distribution of baseline advertising
effectiveness.

10th 25th 50th 75th 90th Mean

# Incremental Converters per $1,000 4.1 11.9 26.2 75.8 170.8 105.9
Cost per Incremental Converter $241.95 $83.70 $38.16 $13.19 $5.86 $9.44

Notes: The top row reports estimates from the distribution in Figure 7 multiplied by $1,000. The second row reports the distribution
of the inverse, expressed in terms of dollars per incremental converter.
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The empirical histogram of treatment effects in Figure 5 has a sizable mass below zero.
From a theoretical standpoint, it would be surprising if a large share of firms were indeed
spending money and losing customers. Consistent with that, the fitted density shrinks the
negative mass substantially, suggesting that the negative treatment effects are largely noise.
In addition, consistent with past literature that has found small effects of advertising (e.g.,
Lewis and Rao (2015)), we find a large mass just to the right of zero. Finally, we note that,
as expected, the empirical Bayes estimator shrinks the overall distribution, as one can see
by comparing the quantiles in Table 5 and Table 7.

Table 7 shows that the median campaign in our sample has a cost per incremental
converter of $38.16. This is substantially higher than the mean of $9.44, reflecting the skew in
the distribution and demonstrating how the results can shift meaningfully when considering
quantiles.26 In a similar vein, had we used a less flexible approach and assumed – as many
meta-analyses do – a normal higher level distribution, our median estimate would have been
substantially different.27 We note that our median estimate is higher than many related
industry benchmarks, which we interpret as reflecting differences in underlying samples and
methodologies.28

Finally, Figure 7 shows that our confidence intervals are quite tight around the fitted dis-
tribution.29 We suspect that the bump around 0.3 is due to noise, and the larger standard
errors around that region seem consistent with that.

Change in Effectiveness. We now turn to the second main contribution of the paper
and look at the estimated change in advertising effectiveness when moving from purchase
optimization to click optimization. In Figure 8 we plot the fitted model overlaid on the
histogram of estimated effects, and in Table 8 we report summary statistics from the fitted
distribution.

26Given the long right tail, the mean results are sensitive to the inclusion/exclusion of the highest percentiles
of the empirical treatment effect distribution. Many of those observations are likely spurious, though for reasons
unobserved to us (e.g., mis-installed pixels). We prefer the median as it is more robust to such observations.

27We note that the overall shape of our estimated distribution is roughly log-normal. Fitting a log-normal to the
mean and variance from our estimated distribution yields a median cost per incremental customer of $30.29. Given
the support of the log-normal, this cannot capture the roughly 4.5% of our estimated distribution that lies below
zero. Back of the envelope, the 45.5th percentile of the log-normal corresponds to a cost per incremental customer
of $37.42, which is close to our estimated $38.16. We view this as a rough sanity check on our estimation procedure.

28The industry also frequently focuses on a slightly different but related metric – cost per action or acquisition –
which often does not capture incrementality. Irvine (2022), for example, reports a median cost per action of $18.68
on Facebook ads from their sample of 256 advertising clients.

29Standard errors were calculated from Lemma 2 in Efron (2016). A caveat is that the Fisher information matrix
is not guaranteed to be non-negative definite. When that arose in our calculations, we dropped the diagonal term as
suggested in Efron (2016).
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Figure 8: Estimated distribution of the within-campaign change in the number of
incremental converters per dollar.

Notes: The blue line represents the estimated distribution of the within-campaign change in the number of incremental converters
per dollar across our sample. The dashed red lines show the 95% confidence intervals calculated from Efron (2016). The empirical
histogram of treatment effects is shown in green as a rescaled density with a bin width of 0.001, with the x-axis reduced to
(-0.1, 0.1) for display purposes.

Table 8: Quantiles and mean of the estimated distribution of within-campaign change in
advertising effectiveness.

10th 25th 50th 75th 90th Mean

# Fewer Incremental -20.5 -9.9 -6.2 -2.6 -0.4 -7.5
Converters per $1,000

Notes: The within-campaign change in advertising effectiveness is measured as the reduction in
incremental converters per dollar when moving from optimizing for purchases to optimizing for
clicks.
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Table 8 shows that if campaigns optimized for clicks instead of purchases, the median
campaign would generate 6.2 fewer incremental customers for every $1,000 spent. Evaluating
this median change relative to the median estimate of baseline ad effectiveness, the cost per
incremental converter would increase from $38.16 to $49.93, a 31% increase in costs. To put
this in perspective, the median total weekly ad spend in our sample was $1,259. Holding this
budget fixed, our observed and counterfactual estimates of cost per incremental customer
imply a decrease from 33 to 25 incremental customers per week. This is a large shock to
advertising effectiveness: losing the ability to optimize delivery for purchases increases costs
substantially in our sample.

Further, the quantiles of the fitted distribution show a lot of mass relatively tightly
concentrated below zero; this suggests that it is not just a few firms that would be ad-
versely affected – it is closer to a homogeneous shock across the population. At the same
time, we estimate that around 10% of the sample would have generated more incremental
converters per dollar if they switched to click optimization at the time of our experiment.
We believe this relates to the non-incremental nature of Meta’s optimization algorithms:
purchase-optimized campaigns could be finding users who were already going to purchase
the product, whereas optimizing for clicks could cast a wider net and generate more incre-
mental converters. Hence, while there is some heterogeneity across the distribution, on net,
the majority of the campaigns in our sample are less effective under our counterfactual.

5.2.3 Small vs. Large Scale Advertisers

Small businesses rely heavily on online advertising (Kerrigan and Keating 2019, Herhold
2019). To explore heterogeneity in effects between small and large scale advertisers, we
conduct a median split of the sample based on ad spend in the eight weeks prior to the
experiment launch.30 We refer to advertisers below the median as ‘small scale’ advertisers
and those above as ‘large scale.’

We re-estimate our main analysis separately for small and large scale advertisers. Figure 9
graphs the resulting four distributions: estimates of the baseline ad effectiveness and within-
campaign change for small and large scale advertisers. The blue distributions correspond to
small scale advertisers, while the red distributions correspond to large scale advertisers. The
dashed lines trace out the densities of the baseline ad effectiveness for these two groups, and
the dotted lines correspond to the within-campaign difference. We also include summary
statistics of these distributions in Table 9.

30This metric is positively correlated with several other metrics around ‘firm size’: for example, lifetime account
spend, number of attributed sales tracked through Meta pixels, and Meta’s internal ‘small’ vs. ‘large’ classification.
The details of Meta’s classification scheme are complex and not public. We chose to focus on our selected metric due
to a combination of data availability and transparency.
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Figure 9: Estimated distribution of effects for small and large scale advertisers.

Notes: The distributions for small scale advertisers are plotted in blue, and the distributions for large scale advertisers are in
red. The dashed lines denote the baseline, purchase-optimized ad effectiveness distribution. The dotted lines correspond to the
within-campaign change. For interpretability, standard errors are not overlaid, though they follow each distribution closely as
in our main results.
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Table 9: Quantiles and means for the estimated distributions for small and large scale
advertisers.

10th 25th 50th 75th 90th Mean

Small Scale Advertisers
# Incremental Converters per $1,000 27.2 49.4 80.9 153.4 357.4 184.2
Cost per Incremental Converter $36.74 $20.23 $12.37 $6.52 $2.80 $5.43

# Fewer Incremental -85.1 -57.3 -17.6 -8.1 -1.5 -30.5
Converters per $1,000

Large Scale Advertisers
# Incremental Converters per $1,000 3.1 7.6 13.5 23.1 66.7 31.1
Cost per Incremental Converter $318.59 $131.92 $74.06 $43.37 $15.00 $32.14

# Fewer Incremental -15.3 -6.5 -3.8 -2.0 -0.6 -5.0
Converters per $1,000

Notes: The first row in each panel summarizes the effectiveness of purchase-optimized campaigns. The third row in each panel
reports the within-campaign change in advertising effectiveness, measured as the change in incremental converters per dollar
when moving from optimizing for purchases to optimizing for clicks.

Both distributions are shifted outward for small scale advertisers, indicating that they
tend to have more effective ads at baseline and they are hurt more by losing offsite data.
Comparing the medians of the within-campaign change in ad effectiveness, we see that
the median large scale advertiser loses 3.8 incremental customers per $1,000 spent in our
counterfactual whereas the median small scale advertiser loses 17.6.31,32

Part of the reason small scale advertisers are hurt more in the counterfactual is that
their ads are more effective at baseline: their median cost per incremental converter is
$12.37 versus $74.06 for large scale advertisers. While there are many potential reasons for
this, we note that this finding is consistent with diminishing returns to advertising. We leave
explorations of mechanisms to future research and focus only on the descriptive finding here.

31In percentage terms, if one evaluates the median loss at the median ad effectiveness, small scale advertisers face
a 28% increase in costs (going from $12.37 = 1/.0809 to $15.82 = 1/(.0809-.0176)) vs. a 39% (going from $74.96
= 1/0.0135 to $103.03 = 1/(0.0135-0.0038)) increase for large scale advertisers. We prefer the absolute comparisons
because the median-evaluated-at-the-median can shift from either changes in the numerator or denominator, making
clean comparisons hard. In contrast, looking at the distributions of the change in effectiveness, it is clear that the
distribution for small scale advertisers is shifted to the left.

32An alternative approach would be to incorporate covariates directly into the estimation procedure to estimate a
conditional average treatment effect. This can be done by modeling pi(Xi |Θi) ∼ N(Θi + u′

iγ , σ̂i
2) for ui a dummy

vector of firm size. We estimated this model for the change in effectiveness and, consistent with our split sample
analysis, γ was negative and significant, indicating small scale advertisers were hurt more.
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5.2.4 Long Term Effects

Thus far, we have restricted our attention to the count of incremental converters over
the course of our week-long experiment. However, not all customers are equally valuable to
advertisers: ads delivered with offsite data may generate more short term customers, but
that does not necessarily mean they generate more long term customers, who would tend to
have higher lifetime valuations for advertisers. Further, studying the long term effects of ads
is potentially informative about whether those ads provide benefits to consumers. If an ad
induces a user to become a long term customer, that is consistent with a larger benefit on
the consumer side than if the ad were to induce either zero or one purchase, since it suggests
that the consumer liked the product enough to want to continue buying. If a consumer only
buys once after seeing an ad, that could potentially indicate that the consumer was unhappy
with their purchase.

We study whether the ads in our experiment generated long-term effects by comparing
purchase outcomes across our treatment and holdout groups six months after our initial
experiment ran. Since pixels fire regardless of whether users see ads on Meta, we can observe
purchasing behavior through pixel fires just as we did during the week of the experiment.
Due to data retention issues, we could not look at cumulative purchases over the six month
window, so instead we took a snapshot of purchase data during a one week interval six
months after our experiment ended.

Focusing on the same campaigns as in our main analysis, we re-ran our estimation pro-
cedure, treating this long term purchase data as the outcome variable. Table 10 presents
quantiles and means of these distributions. At baseline, the median cost per incremental
customer six months in the future is $112.69; under the median change in effectiveness this
would rise to $154.77, which is roughly a 37% increase. Hence, there is evidence that offsite
data help lower costs to recruit both short and long term customers.

Table 10: Quantiles and means of the estimated distributions for effects measured six
months after our experiment.

10th 25th 50th 75th 90th Mean

# Incremental Converters per $1,000 0.2 3.8 8.9 20.4 78.6 29.9
Cost per Incremental Converter $4,532.62 $260.95 $112.69 $49.10 $12.72 $33.43

# Fewer Incremental -4.7 -3.6 -2.4 -1.2 -0.2 -1.9
Converters per $1,000
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These results are consistent with, but may not necessarily be indicative of positive con-
sumer surplus. First, our long term outcome is measured six months after random assignment
occurred. Because we do not have data from the intervening six month period, we cannot
speak to downstream differences across conditions that drive the long term effects. For exam-
ple, an initial exposure to an ad could lead to subsequent retargeting that generates delayed
purchases.33 Second, repeat purchases could be driven by state-dependence or addiction,
which also complicates welfare analyses. These are deeper questions about consumer welfare
that we leave for future research.

6 Discussion

We provide experimental estimates of the effectiveness of Meta advertising under both
purchase- and click-based optimization across a large-scale, representative set of advertisers.
We find considerable heterogeneity in ad effectiveness across advertisers, as well as hetero-
geneity in the importance of offsite data to these advertisers. These results advance our
understanding of digital advertising effectiveness and can be viewed as broadly descriptive
in nature. Our findings are also relevant to a number of managerial and policy questions.
Many of these are complex questions that our experiment cannot fully address, but we hope
our results can deepen the literature’s understanding of the issues and inspire further research
addressing each in detail.

When it comes to managerial implications, we document a large degree of heterogeneity
in the estimated distribution of ad effectiveness at baseline. The cost per incremental cus-
tomer ranges more than $200 from the 10th to the 90th percentile, and we see a large degree
of heterogeneity even within verticals (see Web Appendix F). This fact is consistent with
multiple explanations that would provide different implications to advertisers. For example,
the variance could be explained by differences in ad quality, which would imply large incen-
tives for firms to invest in ad production. Alternatively, it could be explained by pre-existing
differences across products, which would only suggest that different types of products have
different optimal advertising spending. As a result, further research that pinpoints the source
of the heterogeneous advertising effectiveness we document would be valuable.

Our research also relates to managerial questions surrounding the value of offsite data.
A more precise understanding of the value of offsite data can inform investment decisions
from managers across several kinds of businesses. For advertisers, our estimates can help

33In the case of retargeting, six months is much longer than the retargeting windows used by most advertisers.
For example, a Shopify advice column about Facebook retargeting for different actions recommends a max of three
months. (Available at https://www.shopify.com/blog/facebook-retargeting.)
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inform willingness-to-pay for products across platforms (and data regimes) that use or do not
use purchase data in similar ways. For online advertising platforms, our results can inform
product strategy. For example, in the wake of Apple’s iOS 14.5 change, both Meta and
TikTok launched new ‘Shops’ where consumers can purchase products directly on the social
media platforms, and thus advertisers do not have to rely on off-platform data. Evaluating
those strategies may be a fruitful area for further research.

On the policy side, future privacy regulations could approach data in different ways.
Rather than viewing offsite data as something that should either be ‘allowed’ or ‘restricted’
for use in ad targeting (e.g., by blocking the tracking technology entirely), we could alter-
natively conceptualize this as a policy decision about property rights. The magnitude of
and heterogeneity in effects for advertisers we identify, combined with past estimates of how
much consumers value their data (e.g., Lin (2022), Athey et al. (2017)), suggest there may
be gains from trade for some players. Building out increased markets for an exchange of data
between advertisers and users may improve social welfare. Bergemann et al. (2023) provide
a thoughtful discussion of the issues around such markets.

When discussing privacy policy, there is also uncertainty about how regulations will
impact markets. Our analysis highlights potential directional takeaways for two categories
of competitive implications: one stemming from the disparate access to offsite data across
advertising platforms and one stemming from the disproportionate effects we observe on
small scale advertisers.

With regard to competition between advertising platforms, changes to the offsite data
ecosystem may differentially affect platforms and their ability to use such data. For example,
with Apple’s ATT change, the prompt users had to respond to in order to allow tracking
was different for Apple apps than it was for apps made by other companies; this likely led to
differential opt in rates for Apple versus other advertising platforms.34 Changes like this one
may generate a competitive advantage for the platforms that retain more tracking data since
the ability to target with such data may help attract advertisers. Decreasing the number
of platforms with offsite tracking data may reduce options to advertisers and increase the
amount advertisers need to spend to advertise on those platforms. While this directional
effect appears unambiguous, quantifying the size of such market power changes as a result
of decreased data availability is an important area for further research.

With regard to market structure in general product markets, our results that show a
large and differential effect on small scale advertisers are highly relevant. To the extent
small advertisers rely disproportionately on digital advertising, reduced access to purchase

34See, for example, https://assets.publishing.service.gov.uk/media/61b86aeb8fa8f5037778c3b8/Appendix_I_-
_Considering_the_impacts_of_Apples_ATT.pdf
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optimized ads and likely higher prices on those ads may increase the costs of small firms
more than larger competitors. If such changes make it harder for small firms to find cus-
tomers, it is possible we could see increased concentration in product markets either through
exit of existing companies who rely on purchase optimized advertising or through deterred
entry based on the anticipated increased cost of finding new customers. This is consistent
with a growing literature that documents from both a theoretical and empirical standpoint
how privacy regulation can adversely affect small players and entrants (e.g., Campbell et al.
(2015), Janssen et al. (2022), Johnson et al. (2023)). Unfortunately, we cannot assess how
serious this concern is because our experiment does not evaluate a counterfactual that re-
moves access to offsite purchase data for all advertisers. In particular, it is possible that ad
platforms and advertisers could adjust their behavior in such a counterfactual in ways that
could mitigate the above hypothesized effects. Estimating general equilibrium effects and
computing relative magnitudes of these forces is an important topic for future research.

Finally, we note that the debate over privacy regulation is often framed as a trade-
off between consumer privacy and advertising effectiveness for firms, but this need not be
the case: companies have started to invest research into privacy-preserving ad delivery and
measurement solutions that can comply with privacy regulation while maintaining advertiser-
side benefits of the data. Though much of this technology is in its nascent stages, our results
can help inform the potential upsides from such R&D and thus motivate commensurate
investment by firms or governments. If fully realized, such technology has the potential to
both satisfy privacy regulation and help mitigate any effects on advertising effectiveness.

7 Conclusion

We estimate the value of offsite tracking data to advertisers using a large-scale experi-
ment on Meta. Offsite data is believed to be amongst the most important data in digital
advertising, and it is used by millions of advertisers around the world. To estimate the first
order effects of this data on ad effectiveness, we conducted a large-scale study with more
than 70,000 individual experiments that focused on a primary way firms use this data.

We find evidence that the costs of attracting incremental customers are substantially
higher when advertisers cannot optimize ad delivery for offsite purchases. The median cam-
paign evaluated at the median loss would experience a 31% increase in costs per incremental
customer. We show further evidence that small scale advertisers are disproportionately hurt
and that each dollar spent on optimizing delivery for offsite events generates more longer
term customers than ads delivered without such data. We discuss the implications of our
findings for advertisers, ad platforms, and policymakers.
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We hope our research inspires more work on the value of digitized data to advertisers and
the associated privacy costs to consumers. The data sharing ecosystem for digital advertising
is evolving rapidly and often with scant evidence to inform socially optimal policy or decision-
making by the relevant actors. We believe this domain will remain a fruitful area of research
for years to come.
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Web Appendix
This Web Appendix has six main sections. First, we outline our main estimation pro-

cedure in more detail. Second, we report results from running our analysis on our entire
sample, not just the campaigns that hit the recommended weekly minimum conversions in
expectation. Third, we describe how we generated our experiment-level treatment effect es-
timates (and the necessary assumptions on the data). Fourth, we conduct a randomization
check on our experimental design. Fifth, we describe an illustrative case study to provide
additional intuition behind our experiment. Sixth, we provide results by the three main
verticals in our sample (E-commerce, CPG, and Retail).

A Methodology

First, we describe our estimation procedure in more depth. We leverage the approach of
Efron (2014, 2016); this section borrows heavily from those sources.

Conditional on our observed distributions of treatment effects and standard errors, our
goal is to estimate the true, latent distribution of effects across experiments. Further, we
want to do so in as flexible a way as possible, especially given the nonstandard distributions
we observe. We start by articulating the general problem at hand and then show how recently
developed deconvolution methods can allow us to flexibly estimate our quantities of interest
under minimal assumptions.

Suppose from a set of N experiments we observe a set of treatment effects X1, X2, ...,
XN . Each Xi is a noisy measure of experiment i’s true, unobserved treatment effect Θi, and
we assume that the Θi are distributed according to an unobserved distribution g(θ). We
are interested in making inferences on g based on our realized Xi’s. Next, assume that the
unobserved distribution of treatment effects are drawn iid from g. That is, Θi

ind∼ g(θ) for all
i ∈ {1, 2, ..., N}. Further, assume that each Xi is drawn independently from Θi according to
a known distribution pi: Xi

ind∼ pi(Xi |Θi). Note that this specifies a hierarchical distribution:
first the set of Θi are drawn from g, and then conditional on the Θi’s, we draw our realized
Xi’s.

Given this set up, if we assume a broad exponential family of models for g, not only can
we attain flexible functional forms, but the optimization problem also becomes tractable.35

35See Kline et al. (2022), Walters (2022) for other recent applications of this methodology. We note Efron (2016)
also explores incorporating regularization into the deconvolution estimate; we chose the non-regularized version to
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We now lay out that approach and introduce further notation.
Specifically, assume the support of g is a finite discrete set T = {θ1, ..., θm}. (This

assumption is not strictly necessary, but it eases the analysis.) This makes the prior g(θ) an
m-vector g = (g1, ..., gm) that specifies the probability gj on θj. We assume:

g(α) = exp{Qα− φ(α)} (1)

where α is a p-dimensional parameter vector and Q is a known m × p structure matrix.
Denoting by QT

j the jth row of Q, we have that the jth component of g(α) is

gj(α) = exp{QT
j α− φ(α)} for j = 1,2,...,m (2)

where φ(α) normalizes g(α) to make it a probability distribution:

φ(α) = log
m∑
j=1

exp(QT
j α) (3)

In our estimation, we follow Narasimhan and Efron (2020) in letting Q be a basis matrix
for natural cubic splines over T with degrees of freedom p. Past applications have analyzed
relatively small-scale data compared to ours (e.g., Kline et al. (2022)) and assumed that
fixing p = 5 granted the model enough underlying flexibility to adequately describe the
data. In the event that the true prior is not contained in such a low-dimensional exponential
family, the estimated model would contain “definitional bias” in the words of Efron (2016).
Empirically, we find that models that assume p = 5 fail to capture our skewed distributions
well, and so we estimate our models over wide ranges of p and then perform model selection
over them. We discuss how we perform model selection later, but empirically our results are
robust to several different selection procedures.

The discussion above has focused on the ‘higher’ level distribution g from which the
unobserved Θi are drawn. We now turn to the ‘lower’ level distributions that map the
unobserved Θi to the observed treatment effects, Xi. Given that context, let

pij = pi(Xi |Θi = θj) (4)

denote the probability that Xi is realized if Θi = θj, and let Pi be the m-vector of prob-
abilities for Xi across all possible values of θj: Pi = (pi1, ..., pim)

T . Importantly, note that
the i subscripts on pi(Xi |Θi) mean that each experiment can have a different conditional
probability distribution over the observed treatment effects. This is important in our setting

avoid any bias in our estimates.
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because we not only observe Xi, but we also observe an estimate of the variance, σ̂i
2, that

varies by i.
For our analysis, we assume that this lower level distribution is normal with known

variance from the empirical treatment effect estimate: pi(Xi |Θi) ∼ N(Θi , σ̂i
2). This as-

sumption is an appeal to the Central Limit Theorem; intuitively, this puts no restriction on
our higher level distribution of interest, g, but imposes an assumption that our experiments
are sufficiently large that our variance estimates have converged and the treatment effects
are normally distributed around the unobserved Θi.36

Given this set up, the marginal probability for Xi becomes:

fi(α) =
m∑
j=1

pijgj(α) = P ′
ig(α) (5)

and hence the log likelihood function is li(α) = log P ′
ig(α). We use maximum likelihood to

generate an estimate α̂ for α, which then pins down our distribution of interest, g.37 Note
that in this spline-based setup from Efron, performing maximum likelihood over the space
of distributions for g ultimately reduces to maximizing over the weights α on the spline
bases. This substantially reduces the state space and makes the problem tractable while
maintaining a high degree of flexibility.

A.1 Implementation

First, we define a discrete state space T for the support of g(θ). Given the wide range of
treatment effect estimates, discretizing the entire range from the smallest to largest treatment
effect estimate often proved computationally challenging. Hence, we define a grid of bin size
0.001 over the range between the 1st and 99th percentiles of the treatment effect estimates.
Given the extreme spread outside the 1st and 99th percentiles of treatment effects, we drop
those observations.38

36For small experiments, this approximation may be less valid. To check robustness along this dimension, we reran
our analysis restricting to experiments with more than 50 converters in the experiments themselves; this number has
been used as a heuristic for a sample size that is large enough for the Central Limit Theorem to hold (e.g., Angrist and
Pischke (2009) discusses some of the evidence around this). This restriction did not change our results substantively,
both for our main results and those for the small and large scale advertiser comparison. We also note that this known
variance assumption for the lower level distribution is common in meta-analyses, even under different methodologies
(e.g., DellaVigna and Linos (2022)).

37This approach is sometimes called g-modeling to emphasize that we are interested in the shape of the prior;
most empirical Bayes methods are f -modelling in that they are interested in the marginals.

38We re-estimated the main results including both the full sample and singleton points for the support of g that
coincided with the treatment effects outside of the 1st and 99th percentiles. In these analyses, the median point
estimates were unchanged, though the mean increased slightly, as one would expect given the direction of the skew
in the underlying distribution. We prefer the results in the main text since we think the extreme observations are
likely spurious.
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As mentioned previously, we choose Q to be a basis matrix for natural cubic splines with
degrees of freedom equal to p. To minimize the risk of rounding errors, we standardize the
basis matrix so the columns have mean zero and sum of squares equal to one. We then run
models over p ∈ {10, 20, 30, ..., 200}. Intuitively, as we vary p, we change the number of
knots, thereby adding increased flexibility at the risk of overfitting. We then must choose
between models.

A.2 Model selection

Our preferred method of model selection across the possible degrees of freedom relies on
cross-validation. However, we note that under several different model selection procedures
(e.g., Bayesian Information Criterion or Akaike Information Criterion) our results do not
change substantively. We now describe how we performed our cross-validation procedure.

For a given degrees of freedom, p, we partition the set of experiments into k subsets.
We use k − 1 folds to estimate a prior g and then evaluate the likelihood of observing the
treatment effects in the kth fold under that prior. We repeat this process k times for each
degree of freedom, so each fold is used k − 1 times for training and once for evaluation. For
each p, this process generates an average value of out of sample performance across folds; we
can then select the p that performs best. For each meta-analysis, we then re-estimate the
model on the full sample with the selected degrees of freedom. Our main results (Table 7
and Table 8) are from models selected with ten-fold cross-validation; due to computational
constraints our remaining results are based on three-fold cross-validation. We note that
this means for every distribution we estimate in the main text, we fit 61 different models
(20 values of p × three-fold cross-validation for each p plus 1 final model estimation from
selected p value).

A.3 Defining advertisers and campaigns

For the purposes of our experiments, we treat each pixel as a single advertiser, and we
treat all ads that are optimized against that pixel as a single campaign. Each experiment
is defined at the campaign level, meaning the final number of advertisers, experiments,
campaigns, and pixels are equal.

This definition is usually straightforward to implement. However, a wrinkle is that mul-
tiple ad accounts can run ads optimizing against the same pixel. This is often done when, for
example, a company runs ads from different departments or works with external agencies.
In framing the total number of ‘advertisers’ in our study, we thus did not use the number
of advertising accounts, but rather the number of pixels as that seemed a better, if more
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conservative, estimate.
Some of our analyses use advertiser-level characteristics. Because there are instances

where multiple accounts were used for the same pixel but differed in one of the character-
istics (e.g., country), we map account characteristics to advertisers by taking the modal
demographic across the accounts within each experiment, weighted by delivered ad impres-
sions. For example, if an experiment involved three accounts and the plurality of impressions
came from accounts in the US, we would label the experiment as from the US.

In practice, 85% of experiments have one account, meaning the aforementioned wrinkles
affected a relatively small fraction of our sample. Further, rerunning our analyses restricting
to accounts that have this one-to-one mapping with experiments yields very similar results.

B Results from the Full Sample

In the main text we restrict our analyses to campaigns that hit the recommended number
of conversions per week in expectation; here, we re-run our results on our entire sample. This
consists of 150,757 experiments versus the 70,909 in the main text.39 Figure A1 displays both
the distribution of baseline ad effectiveness and the distribution of the change in effectiveness
when optimizing for clicks instead of purchases.

Table A1: Quantiles and means from the estimated baseline distribution of advertising
effectiveness.

10th 25th 50th 75th 90th Mean

# Incremental Converters per $1,000 5.1 8.1 13.5 53.1 206.6 48.4
Cost per Incremental Converter $195.03 $123.04 $74.13 $18.82 $4.84 $20.65

# Fewer Incremental -6.0 -4.3 -2.6 -0.9 -0.3 -2.3
Converters per $1,000

Intuitively, given that the optimization algorithm does not perform as well for the addi-
tional campaigns that we now retain in the sample, we would expect the cost per incremental
converter to increase compared to the main text. We confirm that this is the case – if we
recompute the median change at the median effectiveness, we get that cost per incremental

39Of the initial 187,922, we drop experiments outside the 1st and 99th percentiles of the treatment effects. We
also drop 33,416 (18%) experiments that have no recorded purchases in either holdout or exposed; these treatment
effects have zero variance, which is incompatible with our maximum likelihood estimation procedure. We note if you
assume all these experiments generate no incremental converters per dollar and are not affected by losing offsite data,
and recompute the percentiles of each distribution, the median cost per incremental converter is $105.00 that under
the median change in effectiveness would increase to $124.14, an 18% increase.
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Figure A1: Estimated distributions from our full sample of the baseline number of
incremental converters per dollar and the within-campaign change.

Notes: The blue line traces the baseline ad effectiveness distribution. The red line corresponds to the distribution of the
within-campaign change in ad effectiveness. The dashed black lines represent the 95% confidence intervals.

converter increases from $74.13 to $92.23, a 24% increase. This is less than the 31% we
estimated for our main sample, but still a substantial increase. Notably, the baseline distri-
bution appears bimodal; we suspect this is due to an integer-related point because many of
the advertisers who did not meet the minimum threshold were spending small amounts, and
so their experiments had fewer users in them. With fewer people in the denominator, across
experiments the cost per incremental converter is not uniformly distributed across the range
but rather clusters at certain fractions (e.g., 1/30, 1/20).

C Generation of Experiment-level estimates

As input into our meta-analysis, we first need to generate estimates of the treatment
effects and standard errors for each individual experiment. In this section, we walk through
how we went from the individual-level data to experiment-level results.

First, without loss of generality, we focus on the baseline case (the derivation for the click
optimized arm is identical). In the baseline case, define:
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NH := the number of users in the Holdout group

NE := the number of users in the Exposed group

NC
H := the number of converters in the Holdout group

NC
E := the number of converters in the Exposed group

d := the ad spend in dollars in the Exposed group

Given those definitions, we constructed our main outcome variable, the number of incre-
mental converters per dollar, as:

ÑI :=
1

d

(
NC

E −NC
H

(
NE

NH

))
This expression takes the number of converters in each of the Holdout and Exposed

groups, scales them by the number of users in each, and then divides by the spend.
In terms of variance, we first define the variance for the number of converters in the

Holdout group (defined analogously for the number in the Exposed group):

σ2
H := NH

(
NC

H

NH

−

(
NC

H

NH

)2)
The above is derived from the formula for the variance of a binomial distribution, np(1−

p), with NH independent trials and probability of success NC
H/NH . The key assumption is

that each user represents an independent trial.
Letting σ2

E denote the corresponding quantity for the Exposed group, we get that the
variance of the number of incremental converters per dollar is:

σ̃2 :=
1

d2

(
σ2
E + σ2

H

(
NE

NH

)2)
The above formulas define our treatment effect and standard error for our baseline case.

We now turn to those for the change in effectiveness. For this, we need to introduce subscripts
referring to the purchase and click optimized conditions.

Let Ñpurchase denote the number of incremental converters per dollar of the purchase
optimized arm and Ñclick denote that for the click arm. We then define our main outcome
variable of interest as the change in the number of incremental converters per dollar across
arms as:
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∆Ñ := Ñclick − Ñpurchase

For the variance of this estimate, let σ̃2
purchase denote the variance of the number of

incremental converters per dollar in the purchase arm and σ̃2
click denote that for the click

arm. We then define the variance of the difference as:

σ̃2
∆ := σ̃2

purchase + σ̃2
click − 2Cov(Ñclick, Ñpurchase)

Under the assumption each user is an independent trial, the covariance term drops out,
leaving us with only the first two terms.

D Randomization Check

As mentioned in the main text, our randomization was done using the same infrastructure
that underlies Meta’s advertiser-facing lift product. This technology has previously been
described in several papers, each of which show that the experiments that were conducted
passed randomization checks (Gordon et al. 2022, Athey et al. 2023, Gordon et al. 2019). In
this appendix, we report randomization checks on our data as well.

To conduct randomization checks, we collected data on user demographics for a random
sample of experiments in our study. We selected demographics that have good coverage in
the data and that have standardized values to facilitate analysis: age, gender, account age,
number of Facebook friends, iOS user indicator, and web and mobile activity on Facebook
in the past month. We restrict to studies with more than 50 users in the control to avoid
small sample sizes that could skew our randomization tests. We conducted this check about
a year and a half after the experiment was run which means these demographics come from
a later point in time. However, while some users may have dropped off or values of some of
these demographics may have shifted, any changes seen in the test group we would expect
to be mirrored in the control group.

For each of the randomly selected experiments, we conducted t-tests across the test and
control groups for each demographic feature. We expect the resulting distribution of p-values
will be uniform on [0,1] under correct randomization. Figure A2 plots the density of p-values
across 10 evenly spaced bins over [0,1]. Across bins, 6% of p-values are below 0.05, 51% are
below 0.50, and 75% are below 0.75, consistent with correct randomization. A chi-squared
test comparing our distribution of p-values to what we would expect if they were uniformly
distributed leads us to fail to reject the null hypothesis that there are no differences between
the distributions, χ2(9, N = 6, 918) = 9.94, p = .355.
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Figure A2: Empirical distribution of p-values from randomization checks.

Notes: For each randomly selected experiment, we conduct a t-test for the equality of means of the demographics of users in
the treatment and control groups. The distribution reports the resulting p-values, pooled across demographic variables and
experiments. Under the null of correct randomization, we would expect to see a uniform distribution of p-values.

Finally, we end with a caveat to our randomization check. Namely, given these demo-
graphics were collected after our experiment was run, if our treatment induced differential
attrition on the platform or changed any of our demographics, there could be true imbalances
at the time of the experiment that this check fails to detect. Given the small effect sizes
we observe in our sample and the fact that several past papers have conducted independent
validation of Meta’s lift architecture, we are not overly concerned about this caveat but flag
it nonetheless.
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E Illustrative Case Study and Visualization

To help build intuition behind our experimental design, we first visualize the results from
a few select campaigns, and then we visualize the results from the full sample that we use
in our main analysis.

First, in Figure A3, we focus on three example campaigns, and we plot their treatment
effects and 95% confidence intervals at baseline (x-axis) and in the counterfactual (y-axis).
The red dot represents an apparel company, the blue dot represents a beauty company,
and the purple dot represents a jewelry company. The fact that these point estimates lie
to the right of the y-axis indicates that, at baseline, each of the campaigns generated a
positive number of incremental converters per dollar when the campaigns were optimizing
for purchases. Similarly, the fact that they lie below the 45 degree line indicates that they
are estimated to earn fewer incremental converters per dollar when they optimize for clicks
instead of purchases. For example, we estimate that the jewelry company’s (purple dot) cost
per incremental converter increased from $54 to $154.

Figure A3: Example of treatment effects for three hand-picked advertisers.
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In Figure A4, we expand this analysis, showing a heatmap that includes all the treatment
effect estimates in our main sample. (This heatmap is similar in spirit to L’Abbé plots
that are often used in meta-analyses.) We can clearly see the density to the right of the
y-axis and below the 45 degree line: the mass of our estimated treatment effects across all
our experiments suggests both a positive baseline effect and a negative effect of losing pixel
data.

Figure A4: Heatmap of all 70,909 treatment effects in our main sample.
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F Results by Firm Vertical

Here we explore how the results differ by the three largest verticals in our sample: E-
commerce, CPG, and Retail. These numbers help provide a sense of heterogeneity across
advertisers and may also be useful for practitioners.

Among these three verticals, CPG advertisers have the highest median cost per incre-
mental customer at baseline. As this is a purely descriptive exercise, we cannot say whether
that is due to differences in products sold, advertising quality, share of offline sales40, or other
unobservables that differ across verticals. Separately, we also note the change in effectiveness
(in an absolute sense) is similar across the verticals.

Table A2: Quantiles and means of estimated distributions by vertical.

10th 25th 50th 75th 90th Mean

E-commerce
# Incremental Converters per $1,000 5.8 12.0 21.5 68.3 94.3 56.4
Cost per Incremental Converter $172.50 $83.05 $46.52 $14.64 $10.60 $17.74

# Fewer Incremental -15.0 -10.0 -6.4 -3.3 -1.0 -7.7
Converters per $1,000

Consumer Packaged Goods
# Incremental Converters per $1,000 4.5 9.5 16.7 39.7 95.7 43.0
Cost per Incremental Converter $222.72 $105.52 $59.89 $25.19 $10.45 $23.25

# Fewer Incremental -12.2 -8.9 -5.9 -3.2 -0.9 -6.5
Converters per $1,000

Retail
# Incremental Converters per $1,000 6.7 16.9 33.4 132.2 213.2 115.0
Cost per Incremental Converter $149.16 $59.21 $29.96 $7.57 $4.69 $8.70

# Fewer Incremental -11.6 -8.4 -5.4 -2.5 -2.5 -0.1
Converters per $1,000

40We note that a large majority of CPG and Retail sales still occur offline (e.g., Boston Consulting Group estimates
that 95% of US CPG sales occur offline (Novacek et al. 2016); eMarketer similarly estimates 81% of global retail sales
occur offline Cramer-Flood (2023)). Our estimates of ad effectiveness are biased downward to the extent that the
online ads in our study drove offline sales, suggesting there may be more scope for bias in CPG and Retail. At the
same time, we note that the vertical with nearly all of its sales online, E-commerce, experiences the largest magnitude
change in effectiveness, albeit by a small margin. We leave a deeper exploration of these points to future work.
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